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Abstract 
Competition today has become intense not only in business but also in sports. At times the performance of a sportsman is linked 
to her/his ability to earn endorsements and sponsorship from the corporate world. In the present work, we consider the 
performance assessment of professional lawn tennis players using a non-parametric approach called Data Envelopment Analysis 
(DEA). DEA is known to measure relative performance of a business unit or an individual called Decision Making Unit (DMU). 
In this study, data of forty professional men tennis players are evaluated and their individual performance is assessed using the 
CRS-DEA model with output orientation. The input and output parameters considered are overall matches played, the number of 
grand slam matches played, ‘ATP world tour masters 1000’ played, overall matches won, number of grand slam matches won, 
number of ATP World Tour Masters 1000 won, number of tie breaks won, number of finals won, number of matches won in the 
deciding set, number of matches won after winning the first set and number of matches won after losing the first set. Finally, an 
attempt is made to compare the results obtained using DEA with those obtained by the Association of Tennis Professionals 
(ATP). 
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1. Introduction 
The game of ‘Lawn Tennis’, since its origin in the 12th century in France saw many changes in terms of its 
actual form, scale, popularity, technicality etc. The modern game of tennis originated in England, in the late 19th 
century. With technology advancements, the game saw adoption of electronic review system making it more 
challenging and technically sound. Over the years, the game has gained tremendous popularity and is followed by 
millions of fans all across the globe. As a result, the original amateur form of tennis slowly changed into its present 
commercial form and the establishment of an international professional tennis circuit. Major tennis federations all 
across the world generate large revenue from the sale of match tickets and television rights throughout the year. 
Under this changing scenario maintaining the level of performance becomes a key challenge for a player. The 
performance is closely monitored not only by the player, coach and fans but more so by the corporate houses who 
sponsor the players and commercial agencies responsible for fetching different endorsements for them. So, in order 
to remain in the competition, it is immensely important to evaluate the performance and thus understand the 
limitations and lacunas of a tennis player using the effective measurement system. The conventional method of 
evaluating performance of tennis players is based on the Association of Tennis Professionals (ATP) world tour 
rankings. The ATP World Tour ranking of a player is computed using total points accrued by the player 
participating in various tournaments. 
This paper attempts to assess performance of professional tennis players using a non-parametric approach called 
Data Envelopment Analysis (DEA). DEA measures the relative performance of a unit or an individual called 
Decision Making Unit (DM U). The model is applied to a data set of 40 professional men's tennis players. In this 
model, overall matches played, the number of grand slam matches played and ‘ATP world tour masters 1000’ 
played are considered as 3 inputs and overall matches won, number of grand slam matches won, number of ATP 
World Tour Masters 1000 won, number of tie breaks won, number of finals won, number of matches won in the 
deciding set (3rd or 5th), number of matches won after winning the first set and number of matches won after losing 
the first set are considered as 8 outputs. This paper is presented in five sections. The next section presents literature 
review. Section three addresses the data and methodology using DEA for the performance measurement purpose. In 
section four, we present analyses and findings. Finally, conclusions are presented. 
 
2. Literature Review 
 
In the literature, we find various articles which study different aspects of a tennis game. Few of them study the 
physiological aspect associated with a tennis player. For instance, Dawson et al., (1985) studied physiological and 
performance responses to playing tennis in different environments. Bergeron et al., (1991) and Smekal et al., (2001) 
studied the physiological profile of match/s played. A few articles focus on injury prevention (Duda 1985, Chandler 
1998, Bylak 1998). Different predicting models for tennis match outcomes have been presented in the literature 
(Boulier and Stekler, 1999; Clarke and Dyte, 2000; Klaassen and Magnus, 2003; Scheibehenne and Broder, 2007). 
Using probit model and bootstrap technique del<<checked....it is correct....>> Corral and Prieto-Rodríguez (2010) 
tested the significance of rankings of tennis players in predicting the Grand Slam tennis outcomes. DEA 
methodology has been used by couple of papers for evaluating the performance of tennis players. Ramon et al., 
(2012) used DEA for measuring efficiency level of professional tennis players. In this study they used DEA with no 
input specification and nine output variables based on various aspects of performance of a player. Halkos and 
Tzeremes, 2012 applied DEA with output orientation for evaluating career performance of professional tennis 
players. They considered career data from the Association of Tennis Professional (ATP) for 229 world tennis 
players for the time period between January 1991 and July 2012. They used DEA framework with career matches as 
one input and performance indicators such as career break points saved, career aces, career 1st serve points won, 
career 2nd serve points won, career service games won, career 1st serve return points won, career 2nd serve return 
points won, career break points converted, points won and career return games won as nine outputs.  In the present 
paper, we intend to study the performance of a tennis player in the current season and not in his entire career as ever 
changing game dynamic forces us to look at the performance of a player in the recent past and not in the long history 
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of his career. Also, we consider multiple aspects of the game of tennis as well as psychological factors of the player 
e.g. number of tie breaks won, number of finals won, number of matches won in the deciding set (3rd or 5th), number 
of matches won after winning the first set and number of matches won after losing the first set.  
The intense competition, impacts the overall performance of the individual player. Looking at the global 
popularity achieved by this game and the significant impact it has on the sports industry in general, we feel that 
there is a scope for measurement of performance of a tennis player through an effective measurement tool. In this 
study, we propose an output oriented, constant return to scale CRS-DEA model for assessing the performance of top 
40 players (according to ATP tour rankings) for the period from 1st January to 19th November, 2012. This will 
facilitate assessment of the overall performance of a tennis player in the current season.  
 
3. Methodology and Data 
 
The conventional method of assessing and ranking the performance of a professional tennis player is based on 
ATP World tour rankings. The rankings given by ATP are based on players’ performances in world tournaments 
during different seasons by providing a point score to the players based on the rounds they reach in such 
tournament/s (Rámon et al., 2012). Therefore, ATP rankings are determined according to the total points a tennis 
player gets in a specific season. The exact methodology through which a player is assessed and is given the rank in 
the ATP Tour rankings is not completely known. Through this study, we propose an approach using the DEA 
methodology that provides multi-dimensional overall assessment. 
 
3.1 Data Envelopment Analysis 
 
DEA, a benchmarking tool was originally developed by Farrell (1957) and further extended by Charnes, Cooper 
and Rhodes (1978). It was initially used to measure the relative efficiency of a set of firms that use a variety of 
inputs to produce a range of outputs. The individual unit in this set is referred to as Decision Making Unit (DMU). A 
DMU, for instance, can include hospital, power plant, university, bank or even individuals like an employee or a 
player etc. The performance of DMU is measured using the concept of efficiency defined as the ratio of total 
weighted outputs to total weighted inputs. Best performing unit in the set of DMUs is assigned a score of 100 
percent or 1 and the remaining DMUs get a score ranging between 0 and 100 percent or equivalently between 0 and 
1, relative to the score of best performing DMU. DEA forms a linear efficiency frontier which passes through the 
best performing units within the group and remaining inefficient units lie off the frontier. The term efficiency used 
in DEA is relative efficiency and not the absolute efficiency. Along with efficiency DEA also provides improvement 
targets for each DMU which is considered to be the greatest advantage of this technique. A Data Envelopment 
Analysis (Computer) Program (DEAP) developed at the Centre for Efficiency and Productivity Analysis, University 




Performance of men tennis players in various games on the ATP tour for the period January 1st, 2012 to 
November19th, 2012 has been considered for the evaluation purpose. This data is compiled from the official web site 
of ATP (www.atpworldtour.com).  We use Constant Return to Scale (CRS) DEA model with an output orientation 
to assess the performance of each player. This proposed approach considers eleven criteria. Of these, overall 
matches played, the number of grand slam matches played and ‘ATP world tour masters 1000’ played are 
considered as 3 inputs and overall matches won, number of grand slam matches won, number of ATP World Tour 
Masters 1000 won, number of tie breaks won, number of finals won, number of matches won in the deciding set (3rd 
or 5th), number of matches won after winning the first set and number of matches won after losing the first set are 
considered as 8 outputs. While selecting the outputs for the model care has been taken to cover various aspects. This 
is to highlight different skill sets of an individual tennis player. For example while playing grand slam matches there 
is tremendous pressure on the player and the win in these matches exhibit strong mental as well as physical strength 
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and the skill of the player. Also, the number of tie breaks won and the number of matches won after losing the first 
set test the tenacity, perseverance, ability to work under pressure and the focus of a player to a great extent. Table 1 
shows the raw data for all players considered.  For simplicity we are not exhibiting the names of the individual 
players.  
 
Table 1: Data on input and output variables for DEA model 
 
Player Outputs Inputs 
Overall 
matches 








1000 won (O3) 
Tie 
breaks  
won     
(O4) 
Finals 
won   
(O5) 
Matches 
























played   
(I3) 
1 75 24 34 17 6 16 63 12 87 27 40 
2 71 19 23 21 6 14 59 12 83 22 26 
3 56 22 12 18 3 10 44 12 72 25 19 
4 42 14 19 8 4 3 39 3 48 16 21 
5 76 18 14 20 7 14 68 8 91 22 20 
6 61 12 19 20 2 14 52 9 84 16 28 
7 65 15 15 28 4 10 59 6 82 19 22 
8 55 13 14 22 2 8 49 6 80 17 22 
9 57 11 14 24 1 14 46 11 85 15 23 
10 42 12 12 9 1 10 32 10 64 16 20 
11 58 12 11 19 2 19 48 10 82 16 18 
12 39 5 9 11 4 12 34 5 58 9 17 
13 45 8 9 27 2 8 40 5 65 12 17 
14 45 5 11 41 2 15 35 10 66 9 18 
15 39 9 11 12 2 9 34 5 58 12 20 
16 43 6 17 9 1 11 39 4 68 10 25 
17 35 8 15 11 0 14 29 6 55 12 22 
18 34 5 10 11 1 12 25 9 59 9 19 
19 37 8 8 10 1 16 26 11 55 11 14 
20 42 11 5 23 1 15 36 6 66 15 13 
21 31 3 9 11 1 7 26 5 47 7 14 
22 37 5 11 20 1 12 30 7 62 9 18 
23 38 3 9 15 2 13 28 10 65 7 18 
24 32 6 10 10 0 7 27 5 54 10 17 
25 33 6 3 10 1 11 31 2 54 10 10 
26 14 2 5 9 0 2 10 4 18 4 6 
27 21 7 9 8 0 6 18 3 32 9 13 
28 23 5 5 6 0 4 20 3 49 8 13 
29 20 1 3 13 1 10 16 4 45 5 12 
30 19 5 1 5 1 4 16 3 34 8 3 
31 24 2 11 13 0 7 20 4 50 6 19 
32 24 4 6 10 0 5 21 3 44 8 12 
33 26 1 4 12 1 8 19 7 48 5 11 
34 23 5 8 3 0 12 19 4 46 9 16 
35 27 8 5 13 0 6 22 5 50 12 11 
78   Asmita Chitnis and Omkarprasad Vaidya /  Procedia - Social and Behavioral Sciences  133 ( 2014 )  74 – 83 
 
36 35 5 7 13 0 9 31 4 60 9 15 
37 30 4 5 21 1 10 25 5 56 8 14 
38 26 5 8 11 0 10 19 7 55 9 17 
39 23 6 3 12 2 7 19 4 39 10 6 
40 26 5 2 14 0 10 22 4 53 9 10 
 
4. Analysis and Findings 
 
We apply CRS-DEA model to the data set given in Table 1. As mentioned earlier, we use the DEAP software 
and the output is presented below. Table 2 gives overall efficiency values and descriptive statistics for all the 
players. 
 
Table 2: Efficiency summary and Descriptive statistics of players 
 
Player Efficiency Player Efficiency Player Efficiency Player Efficiency 
1 1 11 1 21 0.989 31 1 
2 1 12 1 22 0.939 32 0.759 
3 1 13 0.976 23 1 33 1 
4 1 14 1 24 0.822 34 0.958 
5 1 15 0.94 25 1 35 0.826 
6 1 16 1 26 1 36 0.945 
7 1 17 1 27 0.941 37 0.845 
8 0.951 18 0.944 28 0.793 38 0.82 
9 0.978 19 1 29 1 39 1 
10 0.913 20 1 30 1 40 0.927 
Min 0.759 Max 1 Mean 0.957 S.D 0.0678 
 
One can notice from Table 2, that 22 tennis players achieve the maximum efficiency score of 1 and for the 
remaining 18 players efficiency scores are between 0 and 1. Also, it can be noted that the minimum efficiency score 
is 0.759. This means that 22 players who achieve efficiency score of 1 are the most efficient players according to 
DEA among the group of 40 top players. The efficiency obtained through output oriented CRS¬DEA model is based 
on the assumption that the players have ability to expand proportionately their output quantities without changing 
the input quantities used. The most important advantage of DEA is its ability to give improvement targets for each 
input used and output produced. These get highlighted indirectly through input and output slacks. Slack in usual 
production theory represents unused quantity. In this case, it may represent the skill or other criterion which is not 
being utilised fully. Table 3 gives these slack figures. From Table 3 it is evident that for players who are most 
efficient according to DEA analysis, all the input and output slacks are 0 while for players who have emerged as 
inefficient show input and output slacks. In this context, for instance consider a case of player 8 who’s DEA 
efficiency score is 0.951. He has slack of 2.582 in O1 which is overall wins. This indicates that the skill set which he 
possess is not fully utilized and he has the capacity to become efficient by improving his number of overall wins 
2.582 or 3 while playing the same no. of matches by specifically focusing on his performance in ATP Tour Masters 
1000 matches. 
On the same basis the slack for input 1 (I1) of player 8 (5.474), means  he has potential to become efficient by 
maintaining the same number of overall wins (55) by playing 5.474 to 6 matches less than the original of 80. Similar 
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interpretations can be made for other input and output slack figures. As against this if we consider player 1 through 
player 7, for them input and output slack figures are 0 which means that there is no further improvement possible. 
Of course these are all relative figures and are valid in the group of 40 players considered for the study. Further, we 
look at input and output targets set by the DEA model for each of the players. These targets are presented in Table 
no. 4. 
 
Table 3: Summary of input and output slacks 
 
Player (I1) (I2) (I3) (O1) (O2) (O3) (O4) (O5) (O6) (O7) (O8) 
1 0 0 0 0 0 0 0 0 0 0 0 
2 0 0 0 0 0 0 0 0 0 0 0 
3 0 0 0 0 0 0 0 0 0 0 0 
4 0 0 0 0 0 0 0 0 0 0 0 
5 0 0 0 0 0 0 0 0 0 0 0 
6 0 0 0 0 0 0 0 0 0 0 0 
7 0 0 0 0 0 0 0 0 0 0 0 
8 5.474 0 2.479 2.582 0 0 0 2.795 4.51 0 2.582 
9 8.666 0 0.85 0 0 2.218 9.626 2.805 0.917 0 0 
10 0 0 1.997 3.114 0 0.011 4.398 1.788 2.841 3.11 0 
11 0 0 0 0 0 0 0 0 0 0 0 
12 0 0 0 0 0 0 0 0 0 0 0 
13 0 0 0.783 2.718 0.339 1.215 0 1.375 4.379 0 2.718 
14 0 0 0 0 0 0 0 0 0 0 0 
15 3.926 0 4.618 1.544 0 0 4.559 1.003 0 0 1.544 
16 0 0 0 0 0 0 0 0 0 0 0 
17 0 0 0 0 0 0 0 0 0 0 0 
18 0 0 2.049 3.878 0 0 15.16 0.653 0 3.88 0 
19 0 0 0 0 0 0 0 0 0 0 0 
20 0 0 0 0 0 0 0 0 0 0 0 
21 0.853 0 0 0 1.283 0 6.989 0.342 1.899 0 0 
22 2.239 0 0 1.66 0.184 0 9.382 0.766 0 0.99 0.668 
23 0 0 0 0 0 0 0 0 0 0 0 
24 0.547 0 0 0 0 0 4.129 0 1.092 0 0 
25 0 0 0 0 0 0 0 0 0 0 0 
26 0 0 0 0 0 0 0 0 0 0 0 
27 0 0.253 0 3.681 0 0.891 0 0 0 2.34 1.345 
28 12.642 0 3.939 0 0 0 2.867 0 1.061 0 0 
29 0 0 0 0 0 0 0 0 0 0 0 
30 0 0 0 0 0 0 0 0 0 0 0 
31 0 0 0 0 0 0 0 0 0 0 0 
32 0 0 0 0.617 0.369 0 1.842 0 1.445 0 0.617 
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33 0 0 0 0 0 0 0 0 0 0 0 
34 0 0 2.431 6.556 1.013 0 8.332 0 0 2.94 3.618 
35 4.589 0 0 0.095 0 0.236 0 0 1.047 0 0.095 
36 2.792 0 0 3.711 0.431 1.981 17.22 0 2.642 0 3.711 
37 2.2 0 0 1.387 0 2.407 4.682 0.556 0 0 1.387 
38 2.703 0 1.595 4.143 0 0 5.787 0 0 4.14 0 
39 0 0 0 0 0 0 0 0 0 0 0 
40 8.084 0 0 1.158 0.883 2.605 0 0 0 0 1.158 
 
Table 4: Summary of input and output targets 
 
Player (I1) (I2) (I3) (O1) (O2) (O3) (O4) (O5) (O6) (O7) (O8) 
1 87 27 40 75 24 34 17 6 16 63 12 
2 83 22 26 71 19 23 21 6 14 59 12 
3 72 25 19 56 22 12 18 3 10 44 12 
4 48 16 21 42 14 19 8 4 3 39 3 
5 91 22 20 76 18 14 20 7 14 68 8 
6 84 16 28 61 12 19 20 2 14 52 9 
7 82 19 22 65 15 15 28 4 10 59 6 
8 74.5 17 19.52 60.4 13.67 14.719 23.13 4.9 12.92 51.5 8.89 
9 76.3 15 22.15 58.3 11.24 16.526 34.15 3.83 15.23 47 11.2 
10 64 16 18 49.1 13.14 13.151 14.25 2.88 13.79 38.2 11 
11 82 16 18 58 12 11 19 2 19 48 10 
12 58 9 17 39 5 9 11 4 12 34 5 
13 65 12 16.22 48.8 8.531 10.432 27.65 3.42 12.57 41 7.84 
14 66 9 18 45 5 11 41 2 15 35 10 
15 54.1 12 15.38 43 9.577 11.705 17.33 3.13 9.577 36.2 6.87 
16 68 10 25 43 6 17 9 1 11 39 4 
17 55 12 22 35 8 15 11 0 14 29 6 
18 59 9 16.95 39.9 5.297 10.594 26.82 1.71 12.71 30.4 9.53 
19 55 11 14 37 8 8 10 1 16 26 11 
20 66 15 13 42 11 5 23 1 15 36 6 
21 46.1 7 14 31.4 4.317 9.102 18.11 1.35 8.978 26.3 5.06 
22 59.8 9 18 41.1 5.508 11.712 30.68 1.83 12.78 32.9 8.12 
23 65 7 18 38 3 9 15 2 13 28 10 
24 53.5 10 17 38.9 7.297 12.162 16.29 0 9.605 32.8 6.08 
25 54 10 10 33 6 3 10 1 11 31 2 
26 18 4 6 14 2 5 9 0 2 10 4 
27 32 8.7 13 26 7.438 10.454 8.501 0 6.375 21.5 4.53 
28 36.4 8 9.061 29 6.308 6.308 10.44 0 6.108 25.2 3.79 
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29 45 5 12 20 1 3 13 1 10 16 4 
30 34 8 3 19 5 1 5 1 4 16 3 
31 50 6 19 24 2 11 13 0 7 20 4 
32 44 8 12 32.2 5.64 7.906 15.02 0 8.034 27.7 4.57 
33 48 5 11 26 1 4 12 1 8 19 7 
34 46 9 13.57 30.6 6.234 8.353 11.46 0 12.53 22.8 7.79 
35 45.4 12 11 32.8 9.682 6.287 15.73 0 8.308 26.6 6.15 
36 57.2 9 15 40.8 5.722 9.389 30.97 0 12.17 32.8 7.94 
37 53.8 8 14 36.9 4.733 8.323 29.53 1.74 11.83 29.6 7.3 
38 52.3 9 15.41 35.8 6.096 9.754 19.2 0 12.19 27.3 8.54 
39 39 10 6 23 6 3 12 2 7 19 4 
40 44.9 9 10 29.2 6.277 4.762 15.1 0 10.79 23.7 5.47 
 
If we compare the input and output targets for the efficient players we observe that these targets are same as their 
original input and output quantities. This is because they are the most efficient players in the group. But the values 
of the inefficient players vary. In the end DEAP gives a projection summary for individual DMU (player). For 
simplicity we give a projection summary for player 8 and player 1 in Table 5.  For player 8, there is a difference 
between the original and projected value of each input and output except for input 1 showing the need for increment 
in outputs whereas decrement in inputs e.g. overall matches won (O1) by player 8 is 55 but according to a projection 
summary of DEA he should try to increase this figure to 60.4 (2.823 + 2.582) i.e. he must get 5 more wins to reach 
the efficiency frontier. Whereas, if we look at input 1, there is a difference of 5.474 between the original and the 
projected value i.e. player 8 should try and achieve 60.4 wins by playing roughly 75 games in place of original of 
80games. For player 1 on the other hand there is no difference between the original values and the projected values. 
 
Table 5: Projection summary of player 8 and player 1 
 
Player 8 Player 1 
variable original radial slack projected variable original radial Slack projected 
 value movement movement value  value movement movement value 
output 1 55 2.823 2.582 60.406 output  1 75 0 0 75 
output 2 13 0.667 0 13.667 output  2 24 0 0 24 
output 3 14 0.719 0 14.719 output  3 34 0 0 34 
output 4 22 1.129 0 23.129 output  4 17 0 0 17 
output 5 2 0.103 2.795 4.898 output  5 6 0 0 6 
output 6 8 0.411 4.51 12.92 output   6 16 0 0 16 
output 7 49 2.515 0 51.515 output   7 63 0 0 63 
output 8 6 0.308 2.582 8.89 output   8 12 0 0 12 
input 1 80 0 -5.474 74.526 input  1 87 0 0 87 
input 2 17 0 0 17 input   2 27 0 0 27 
input  3 22 0 -2.479 19.521 input   3 40 0 0 40 
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5. Conclusions and scope for future study 
The results indicate that this model provides a holistic multi-dimensional approach for assessing performance of 
tennis players. The DEA methodology of measuring performance of an individual tennis player is quite different from 
the conventional method adopted by ATP World Tour Rankings. This may be due to the fact that DEA analysis does 
not require the specification of a priori weight on the input-output factors involved. And also, the DEA model allows 
each DM U to choose the set of multipliers (weight) that permit it to appear in the best light. As usually seen in 
practice, different players possess different skill sets. Someone may have a forceful service while the other may 
have strong backhand. Some player may play well under pressure especially at the time of tie break or after losing 
the first set. Some may be mentally strong and does not lose his cool while on the court which would help him 
eventually in winning the match in spite of losing the first set or even a tie break point. So, tennis is a game where 
not only physical but also psychological factors of a player are tested continuously and hence identifying the 
weaknesses and potential areas for improvement becomes necessary. DEA provides a methodology with greater 
flexibility of accommodating such large number of input and output factors which may be either quantitative or 
qualitative in nature. Also, the unit invariant nature of DEA is viewed as an added advantage. DEA provides an 
opportunity for each player to showcase his best skill set and still be efficient. 
DEA has been used quite often in the game of football (Guzmán and Morrow, 2007; García-Sánchez, 2007; 
Picazo-Tadeo and González-Gómez, 2010; Tiedemann et al., 2011) but rarely applied in tennis which motivated us 
to take up this study. This is a different approach than the conventional one which needs to be explored further. 
Future scope could be to make this approach more suitable for the ranking purpose by overcoming the problem of 
super efficiency (efficient status is shared by multiple players). Also, one can choose different set of input and output 
variables for the analysis such as number of wins obtained on different types of court (hard, clay and grass), age of 
the player etc. Further, DEA can be applied in different types of individual and team games which can measure the 
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